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Achenbach System of Empirically-Based Assessment (ASEBA) is a popular set of 
instruments used to detect problem behaviors in youths. Diagnostic accuracy is the ability of a 
test to discriminate between those who have a target condition and those who do not. The present 
study is a comprehensive review and multivariate meta-analysis of studies evaluating the 
diagnostic accuracy of ASEBA for any psychiatric disorder in children 6-18 using sensitivity and 
specificity or area under the curve (AUC) analysis. Moderating variables include informant, 
diagnosis, and study design characteristics. The analysis included 223 unique effect sizes from 
13,516 youths across 28 studies. The average pooled effect size was large, g = 1.02, indicating 
ASEBA showed good discriminative validity overall. Caregiver report performed significantly 
better than teacher or youth report. ASEBA showed better discrimination for PBD, CD, and 
ODD compared to ADHD. Findings support continued use of ASEBA for discriminating 









TABLE OF CONTENTS 
LIST OF FIGURES ....................................................................................................................... vi 
LIST OF TABLES ........................................................................................................................ vii 
LIST OF ABBREVIATIONS ...................................................................................................... viii 
Introduction ..................................................................................................................................... 1 
Advantages of the ASEBA Approach......................................................................................... 1 
Criticisms of ASEBA .................................................................................................................. 3 
Diagnostic Accuracy ................................................................................................................... 5 
Specific Aims & Research Questions ......................................................................................... 7 
Methods........................................................................................................................................... 9 
Search Protocol ........................................................................................................................... 9 
Inclusion and Exclusion Criteria ................................................................................................. 9 
Coding Protocol ........................................................................................................................ 10 
Operational Definitions of Coding Constructs ......................................................................... 11 
Measures Included .................................................................................................................... 13 
Data Analytic Plan .................................................................................................................... 14 
Results ........................................................................................................................................... 16 
Assessment of Study Quality .................................................................................................... 17 
 
 v 
Overall Summary of Effect Sizes ............................................................................................. 17 
Simple Moderator Analyses ...................................................................................................... 18 
Main Model: Multivariate Meta-Regression with All Predictors ............................................. 20 
Testing the Robustness of the Meta-Regression Models .......................................................... 20 
Clinical Interpretability ............................................................................................................. 21 
Discussion ..................................................................................................................................... 22 
Moderators of Diagnostic Accuracy Effect Sizes ..................................................................... 22 
Consideration of Alternative Explanations ............................................................................... 26 
Generalizability of Conclusions ................................................................................................ 27 
Limitations ................................................................................................................................ 27 
Future Directions ...................................................................................................................... 28 




LIST OF FIGURES 
Figure 1. Diagram of ASEBA Syndrome Scales .......................................................................... 29 
Figure 2. Flow diagram of included studies. ................................................................................. 30 
Figure 3. Forest plot for ADHD. ................................................................................................... 31 
Figure 4. Forest plot for anxiety disorders. ................................................................................... 32 
Figure 5. Forest plot for bipolar spectrum disorders. .................................................................... 33 
Figure 6. Forest plot for conduct disorder. ................................................................................... 34 
Figure 7. Forest plot for depressive disorders. .............................................................................. 35 
Figure 8.  Forest plot for externalizing disorders. ......................................................................... 36 
Figure 9. Forest plot for internalizing disorders. .......................................................................... 37 
Figure 10. Forest plot for oppositional defiant disorder. .............................................................. 38 
Figure 11. Forest plot for post-traumatic stress disorder. ............................................................. 39 




 LIST OF TABLES  
Table 1. Sample-Level Characteristics ......................................................................................... 41 
Table 2. Effect Size Level Characteristics and Moderators. ......................................................... 49 
Table 3. Simple Moderator Analysis ............................................................................................ 50 
Table 4. Fully Augmented Model ................................................................................................. 51 





LIST OF ABBREVIATIONS 
 
ADHD   Attention-Deficit/Hyperactivity Disorder 
ASEBA  Achenbach System of Empirically Based Assessment 
AUC   Area Under the Curve 
CBCL   Child Behavior Checklist 
CD   Conduct Disorder 
DSM   Diagnostic and Statistical Manual of Mental Disorders 
ODD   Oppositional Defiant Disorder 
PBD   Pediatric Bipolar Disorder 
PTSD   Post-traumatic Stress Disorder 
ROC   Receiver Operating Characteristic Curve 
TRF   Teacher Report Form 
 






The school-age Achenbach System of Empirically-Based Assessment (ASEBA) is a 
commonly-used, low-cost collection of instruments used for the detection of problem behaviors 
in children and teens aged 6-18 (Achenbach, 1991; Achenbach & Edelbrock, 1983; Achenbach 
& Rescorla, 2001). ASEBA includes a caregiver report form called the Child Behavior Checklist 
(CBCL), a checklist to be completed by the child’s teacher(s) (Teacher Report Form, or TRF), as 
well as a self-report form for youths aged 11-18 (Youth Self Report, or YSR). Factor analyses 
have broken the items into eight domains of problem areas, called the empirically-based 
syndrome scales: Aggressive Behavior, Anxious/Depressed, Attention Problems, Rule-Breaking 
Behavior, Somatic Complaints, Social Problems, Thought Problems, and Withdrawn/Depressed 
(Achenbach & Rescorla, 2001; Lengua et al., 2001). Figure 1 shows the how these syndrome 
scales combine to form a total score, an internalizing problems score, and an externalizing 
problems score. More recently, a panel of experts have identified ASEBA items that are 
consistent with diagnostic criteria in the DSM-5 in order to create DSM-oriented scales 
(Achenbach & Dumenci, 2001). These six scales include: Depressive Problems, Anxiety 
Problems, Somatic Problems, Attention Deficit/Hyperactivity Problems, Oppositional Defiant 
Problems, and Conduct Problems. 
Advantages of the ASEBA Approach 
 Ease of Administration. The checklists are at a sixth-grade reading level, which allows 
ASEBA to be used with a wide range of individuals regardless of educational status or verbal 
ability. The estimated completion time for each form is about 13 minutes for the CBCL and 8-10 
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minutes for the TRF (Camara, Nathan, & Puente, 2000). This makes it convenient for 
caregiver(s), teacher(s), and/or the child to complete the questionnaires quickly. ASEBA is also a 
low-cost, affordable option. At present, ASEBA costs sixty cents per form -- although it requires 
the additional purchase of the interpretation manual and scoring materials (which include the 
choice of hand-scoring forms and templates, computer scoring software, or a subscription to 
score online). 
Multi-informant assessment. The context that children are in has a large impact on how 
they behave. Achenbach is a pioneer for creating one of the first collections of child assessments 
that utilize information from multiple informants to account for situational specificity, or the idea 
that different people have different perspectives of the child’s behavior depending on the context 
(Achenbach, 1995; De Lose Reyes & Kazdin, 2005). A teacher will be able to give descriptions 
of how the child behaves in the classroom, and this may be different from how this child acts for 
caregivers within the home. Gathering information from multiple people will give a more 
complete picture of the child’s behavior in many domains; this is important for a clinician to 
know when considering a child’s diagnosis and treatment. 
Norms. Norms are created by choosing samples that represent an overall population; the 
distribution of scores within the standardization sample is thought to be a good estimate of how 
the scores would be spread within the larger population of interest. The most recent norms of 
ASEBA were from a non-referred sample of 1,753 children across 40 states (Achenbach & 
Rescorla, 2001). A child’s score is compared to the observed scores of the children in the 
standardization sample who are the same age and sex of that child in order to determine if the 
child’s score is normal, borderline-clinical, or clinically significant. Knowing a child’s score in 
comparison to their peers can be very helpful in understanding the appropriateness of their 
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behaviors and the severity of the child’s issues, and is important for practitioners to consider 
when deciding whether the child needs treatment (Achenbach, 2001). 
Criticisms of ASEBA 
Multicultural Issues. Although ASEBA has been translated into over 100 languages, 
critics have raised concerns over the multicultural sensitivity of these forms. A literal translation 
of words in a measure from one language into another does not ensure that the symptoms will be 
interpreted in the same way by respondents of other cultural and ethnic groups (Kleinman & 
Good, 1985). Parents sometimes interpret their children’s symptoms in different ways (Harkness 
& Super, 1990) or might may have different threshold for distress or concerns about particular 
behavioral problems depending on their own cultural background. ASEBA was standardized 
using in the U.S. population, so these norms may not be equally as applicable to diverse cultures, 
ethnicities, and socioeconomic groups that were poorly represented in the standardization sample 
(Bird, Gould, Rubio-Stipec, Staghezza, & Canino, 1991). The base rates of behavioral symptoms 
can vary within children from different groups (Gopalkrishnan & Babacan, 2015), and the 
perceived cause of mental illness has been shown to differ across cultures (Choudhry, Mani, 
Ming, & Khan, 2016).  
Missing Items for Certain Childhood Disorders. ASEBA was created in a time when 
bipolar disorder was still conceptualized as an adult phenomenon and not accepted as occurring 
in pediatric populations yet. As a result, ASEBA is missing questions regarding mania-specific 
symptoms, such as grandiosity or elated mood, and the manic symptoms that are included could 
also be attributed to other conditions (Youngstrom, Genzlinger, Egerton, & Van Meter, 2015). 
Some have tried to create a “bipolar profile” by combining items from different scales ASEBA; 
however, further research did not provide support for its use and found that it did not have much 
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incremental value beyond the Externalizing score (Diler et al., 2009; Meyer et al., 2009; Kahana, 
Youngstrom, Findling, & Calabrese, 2003, 2004; Youngstrom et al., 2015). Additionally, 
ASEBA has been found to be inadequate in assessing for autism for similar reasons (Havdahl et 
al., 2016).  
Use of Norms Instead of Comparison Groups. The normative sample consisted of 44% 
males, 33% upper class, 51% middle class, 60% Caucasian, 20% African American, and 9% 
Latino children (Achenbach & Rescorla, 2001). Children were excluded from the normative 
sample for a variety of reasons, including presence of an intellectual disability, serious illness, or 
disability, as well as if their parents did not speak English, or if the children had any contact with 
a mental health or substance abuse service within the past year (Achenbach & Rescorla, 2001). 
This may not be the most helpful or ideal comparison depending on if the target sample or case 
has different characteristics than the individuals ASEBA was normed against.  
Combining Data Across Informants. The inclusion of collateral information from 
multiple informants is a strength of ASEBA. However, when different informants endorse 
varying levels of symptoms or even opposing views on an issue, how to interpret this 
information can become tricky. One might be tempted to favor self-report as more accurate and 
disregard the caregiver information, or find the parent more trustworthy and ignore what the teen 
has to say. Neither of these decisions would be optimal. A meta-analysis by Achenbach and 
colleges (1987) argues that we cannot replace the information from one informant with data from 
another informant, as observations about a single child can vary greatly based on the situational 
context. 
So, if we should not disregard a piece of information or try to replace it with data from 
another informant, what should we do? There are Bayesian methods from an evidence-based 
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assessment approach that allow us to actually combine the information of multiple informants 
statistically through the use of a probability nomogram (Youngstrom, Choukas-Bradley, 
Calhoun, & Jensen Doss, 2014). A person starts out with a base rate probability of a disorder, 
and the test score can be converted into a likelihood ratio that can be plugged in to the nomogram 
to yield an updated probability based on the combination of the starting probability and the test 
score. It is possible to input multiple test scores from different informants so that the probability 
can reflect all these pieces of information. The clinician will not have to decide which informant 
to weigh more heavily or which piece of information is better, and it is more unbiased to use this 
kind of actuarial method.  
Diagnostic Accuracy 
Diagnostic accuracy is the ability of a test to discriminate between those who have a 
target condition and those who do not. How well a test performs is not a fixed attribute of the 
measure itself, but depends on other factors such as the prevalence of the target condition, how 
one defines the disorder and whom to include in the target group according to that definition 
(e.g., spectrum or subthreshold diagnoses, comorbidities), and how the study testing the measure 
was designed. In a perfect world, a test would always be able to distinguish between those with 
and without a disorder. However, this is not what we actually see happen in practice. There are 
four possible outcomes of how a person is classified by the test (see table below). The measure 
can correctly identify a person who has the condition as having the condition (true positive), or it 
can correctly determine that a person without the condition does not have the condition (true 
negative). The test can also make errors, where it incorrectly classifies an individual with the 
condition as not having the condition (false negative), or incorrectly categorize the person who 







 The sensitivity of a measure is the probability of getting a positive test result in subjects 
who actually have the disorder. In other words, if 100 people had the target condition, how many 
of those people were positively identified by the test as having the condition? The formula for 
sensitivity is:  
Sensitivity =
True Positive
True Positive + False Negative
 
On the flip side, specificity is the probability that individuals who do not have the condition will 
get a negative test result. If 100 people without the condition were studied, how many were 
correctly identified as not having the disorder by receiving a negative result on the test? The 




True Negative + False Positive
 
 Sensitivity and specificity pairs at each cutoff point of the test can be plotted to create a 
receiver operating characteristic curve (ROC) graph. The area under the ROC curve (AUC) is an 
overall measure of the diagnostic accuracy of the test averaged across all the sensitivity-
specificity pairs. An AUC can range from 0-1, where a value of 0.5 would indicate the test is 
performing at chance, and an AUC of 1 would indicate perfect discrimination. The larger the 
AUC is, the better the test is at differentiating between those who have the disorder and those 
who do not. 
 Person has target condition Person does not have target 
condition 
Positive test True Positive False Positive 
Negative test False Negative True Negative 
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Specific Aims & Research Questions 
The current study is a systematic review and meta-analysis of the diagnostic efficiency of 
ASEBA for any psychiatric disorder in youths aged 6-18. The main research questions are:  
(a) Is ASEBA an effective method of assessing for the presence of common psychiatric 
disorders in children? 
 The present study will consolidate the sensitivity-specificity pairs or AUC values that are 
reported in published research in order to evaluate whether ASEBA is an effective method to 
assess for the presence of common psychological conditions in children. The higher the AUC 
values are across all of the included studies, the larger the effect size will be, and the more 
effective we can conclude that ASEBA is for this purpose.  
(b) Does the type of informant change the diagnostic accuracy of ASEBA? 
Although data from multiple informants can be combined through Bayesian methods 
(discussed earlier), there may be specific instances where it could be less helpful to give equal 
weight to all informants. For example, relying on a youth’s self-report may obscure the 
assessment of externalizing behaviors because the adolescent may lack insight or not be willing 
to acknowledge there is a problem. Additionally, self-report may be more valuable for 
internalizing disorders specifically, because the teen will have better awareness of what he/she is 
feeling internally that the caregiver may not know about (Loeber, Green, & Lahey, 1990). When 
compared head to head, I expect that the CBCL will have the largest effect sizes of diagnostic 
accuracy over the YSR and TRF, as has been found in a prior meta-analysis that focused more 
narrowly on bipolar disorder (Youngstrom et al., 2015). I hypothesize that the YSR will have the 
largest effect sizes for anxiety and depression if we compare how it performs across multiple 
diagnoses. I believe the TRF will have poor diagnostic accuracy overall, with the exception of 
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displaying relatively larger effect sizes for externalizing behaviors such as ADHD, ODD, and 
CD.  
(c) Is ASEBA better suited for detecting certain types of childhood disorders over others?  
The present study is not narrowly focused on a single disorder, nor is it purposely 
excluding any diagnoses – any study that fit the inclusion criteria was analyzed. Due to higher 
prevalence of certain disorders in childhood, we expect to find studies that evaluate ASEBA in 
depression, anxiety, attention-deficit hyperactivity disorder (ADHD), oppositional defiant 
disorder (ODD), conduct disorder (CD), and pediatric bipolar disorder (PBD) (Merikangas et al., 
2011). Prior research has shown that the CBCL has limited ability to predict depression and is 
less able to differentiate between types of internalizing problems (Song et al., 1994; Mash & 
Barkley, 2014), and as discussed previously, is suboptimal for the assessment of pediatric bipolar 
disorder. I expect that ASEBA will have larger effect sizes for disruptive behavior disorders such 








 A reference librarian who specializes in systematic searches was consulted in order to 
optimize the searching strategies. The comprehensive literature search was conducted in late fall 
of 2018 using PsycINFO, PubMed, and TRIP. The search terminology were: (("child behavior 
checklist" OR CBCL) OR (“youth self report” OR YSR) OR (“teacher report form” OR TRF) 
OR (“Achenbach system of empirically based assessment” OR ASEBA)) AND ((sensitivity 
AND specificity) OR “diagnostic efficiency” or “diagnostic accuracy” OR “area under the 
curve” OR AUC OR “receiver operating characteristic” OR ROC). Searches in October 2018 
yielded a total of 373 hits in PsycINFO, 122 hits in PubMed, and 105 hits in TRIP. The titles and 
abstracts of all hits from each database were reviewed and articles that appeared to provide the 
appropriate relevant information were downloaded and further evaluated using the inclusion and 
exclusion criteria for this study. Figure 1 is a flow diagram of the search process. 
Inclusion and Exclusion Criteria 
 Articles included in the study needed to: evaluate the diagnostic efficiency of ASEBA for 
a psychiatric disorder in children aged 6-18 years against a valid reference standard (i.e., a 
structured diagnostic interview) to identify cases with the target disorder. These articles also 
needed to include sufficient data for an effect size of diagnostic efficiency to be calculated. The 
options of statistics that could be reported include both the sensitivity and specificity of the 
measure or an area under the curve (AUC) or receiver operating characteristic (ROC) curve 
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analysis of its performance. Articles were excluded if: not published in English, did not include 
sufficient data to calculate an effect size, or included children younger than age 5 or adults older 
than age 18. Diagnoses that were derived without a valid reference standard (e.g., clinical 
diagnoses using an unstructured interview, obtaining diagnoses through chart review) were also 
be excluded, in addition to any data that reports a pooled estimate for all psychiatric diagnoses 
combined instead of separating estimates per each disorder.  
Coding Protocol 
 A group of four senior undergraduate and post-baccalaureate psychology majors were 
supervised and trained in the coding protocol by a doctoral student. All coders initially met as a 
group to learn how to convert the reported statistics into the desired effect sizes and how to code 
information from articles using the coding manual. In order to be able to code independently, 
each person needed to code six articles on her own after the initial training meeting, then met 
once more as a group to ensure that these articles were coded correctly and discuss any new 
questions with the graduate student mentor.  
The coding manual was an Excel file where coders filled in cells with relevant 
information from each article, including: year of publication, year(s) of data collection, country 
of data collection, whether the measure was translated (and the language it was translated to, if 
yes), the setting where the data were collected, and who funded the study. Demographic 
information about participants was also coded, including age, percent female, percent white (as 
an estimate of how diverse the sample is), socioeconomic status, and percentage of participants 
with various psychiatric disorders (e.g., ADHD, depression, anxiety) as well as percent healthy 
control. Also coded were specific characteristics of the study, including time lag between when 
the ASEBA measure was completed and when the diagnostic interview was conducted (which is 
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relevant for diagnoses that are episodic), the type reference standard used, attrition, and if the 
sampling was distilled. Coders recorded the reported sensitivity and specificity at a specific 
threshold or cut score, and/or the AUC of the measure from the study. Finally, quality of the 
study design and reporting was coded using criteria from QUADAS-2 (Whiting et al., 2011) and 
Kowatch (Kowatch et al., 2005), consistent with other recent papers evaluating diagnostic 
efficiency (Youngstrom et al., 2015; Youngstrom et al., 2018). 
The first set of coding took place during the fall of 2015 for articles identified by the 
preliminary searches. The updated search during fall of 2018 identified additional articles 
published since 2015 that met inclusions criteria for the present study.  Each article was 
independently coded by two individuals for study characteristics, effect size, moderator 
variables, and quality variables. The graduate student supervisor consolidated the double coding 
and independently resolved discrepancies between any conflicting codes. When any discrepancy 
remained unsolved by the graduate student, the faculty mentor was consulted for final resolution.  
Operational Definitions of Coding Constructs 
 Sample Characteristics. Distilled sample – This was a dummy-coded, dichotomous 
variable to indicate whether the study design was likely to inflate effect sizes through the 
inclusion of healthy controls or the use of narrow inclusion criteria that would eliminate other 
diagnoses or comorbidities similar to the target condition that would make it harder for the 
measure to distinguish from one another (Bossuyt et al., 2003; Youngstrom et al., 2006; 
Youngstrom et al., 2015). 
 Target diagnosis in study – The present analysis included studies that examine the 
performance of ASEBA across a variety of diagnoses. The target diagnosis variable was used to 
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quantify which disorder a study was discriminating from the rest of the sample through the use of 
ASEBA.  
 Definition of diagnosis in study – This variable was dummy-coded to compare broad 
versus narrow definitions of the target diagnosis. Using depression as an example, major 
depressive disorder would be considered a narrow definition because it is only one of the 
depressive disorders. The use of multiple depressive disorders (such as dysthymic disorder and 
minor depression in addition to major depressive disorder) would qualify as a broad definition of 
the target diagnosis. Studies using a broad definition will capture a range of severity by including 
spectrum disorders, which will likely result in lower effect size estimates on average compared 
to those using narrow definitions. 
 Clinical Setting. The setting where data collection took place was coded based on the 
following levels of severity: (a) inpatient, hospitalized, or residential, (b) specialty outpatient 
clinic or research study, (c) outpatient, (d) at risk, or (e) general community. Whenever a paper 
included data from more than one type of setting, coders assigned the study the code associated 
with the more severe setting. More acute settings will likely yield higher overall scores across all 
problem areas of ASEBA, while general community settings consist largely of healthy 
individuals and will therefore contribute lower scores overall.  
 Informant. The type of informant was coded based on which form of ASEBA was used 
(CBCL vs. YSR. vs. TRF) (caregiver, youth self-report, or teacher report). In the meta-
regressions, two dummy codes were used, with caregiver as the comparison group.  
 Quality of Design and Reporting. Quality was calculated as a percentage of points 
earned out of total points possible on the quality items. We expected that higher quality designs 
would actually have lower overall effect sizes, which may seem counterintuitive. The quality 
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ratings give more points to studies who do not utilize distilled designs or overfit thresholds (both 
of which artificially inflate effect size). The quality was assessed through the use of two a priori 
measures. Firstly, we used a system created by Kowatch et al. (2005) to rate design features, 
including the utilization of multiple informants and a formal consensus process for diagnoses, 
using the accepted DSM criteria for the time and a reference standard that questions lifetime 
symptoms. Other criteria are the inclusion of additional diagnoses in the sample beyond the 
target diagnoses and to report whether comorbid diagnoses were made. Although these standards 
were created for studies of pediatric bipolar disorder, these design features are relevant and have 
been generalized to other recent studies evaluating diagnostic efficiency (Youngstrom et al., 
2015). In addition to the Kowatch criteria for evaluating the study design, we included 
QUADAS-2 criteria which provides a framework for rating the overall quality of the reporting of 
results in the included publications (Whiting et al., 2011). 
Measures Included 
The Child Behavior Checklist (CBCL) is completed by the caregiver of the child, 
typically the mother or father, and the Teacher Report Form (TRF) is filled out by the youth’s 
teacher(s) based on how he/she acts in school. The CBCL and TRF are used to assess children 
ages 6-18, while the Youth Self Report (YSR) is administered to teens aged 11-18 to assess their 
own behavior (Achenbach, 1991; Achenbach & Edelbrock, 1983; Achenbach & Rescorla, 2001). 
The three forms of ASEBA all consist of 118 questions regarding a wide range of behaviors and 
problems that occur in youths. Each item is scored on a 0-2 point Likert scale, with 0 = not at all 
true, 1 = somewhat or sometimes true, and 2 = very true or often true. There are slight variations 
between the items on each form of ASEBA depending on the informant and their insight into the 
child’s behavior. The scores are converted into a standardized T score for the child’s age and sex. 
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A score is considered in the borderline clinical if it falls between 65-69, and is in the clinical 
range once it exceeds 70 (Achenbach, 1991). 
Data Analytic Plan 
 In order to test the diagnostic efficiency of ASEBA, the sensitivity and specificity pair (or 
AUC) was converted to a Hedges’ g, which is an effect size that corrects the small sample bias of 
Cohen’s d (Hedges & Olkin, 1985). The use of AUC does not depend on a biased cut score or 
threshold as does the analysis of sensitivity and specificity, so it was therefore the better choice 
for our effect size estimate. All effect size estimates used a 95% confidence interval and inverse 
variance weighting to account for the size of both the sample and the effect size estimate in a 
way that gives the least weight to studies with the largest variance.  
Many of the included studies contributed multiple effect sizes due to the use of multiple 
informants and/or the inclusion of sufficient information to calculate the diagnostic accuracy of 
more than one target diagnosis within the sample. This resulted in the nesting of effect sizes, 
which complicated our models because we could no longer assume that each effect size was 
independent from one another. Metafor (Viechtbauer, 2016b) is a statistical package in R (R 
Core Team, 2014) that allows the use of multivariate mixed meta-regression models (Berkey, 
Hoaglin, Antczak-Bouckoms, Mosteller, & Colditz, 1998; Gleser & Olkin, 2009) to test the 
hypotheses. This type of modeling shows the variance both within nested samples and between 
studies, which provided a direct comparison of how ASEBA performed in each study (rather 
than looking at a different model for each informant). Our model has three levels: random 
intercepts, a variable that models nesting within the sample (Konstantopoulous, 2011), and the 
sample weights in a block diagonal covariance matrix to show the dependence of nested effect 
sizes that were calculated using the same participants (Gleser & Olkin, 2009; Youngstrom et al., 
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2015; Youngstrom et al., 2018).  At present, this is the most innovative and advanced method for 
performing this type of meta-analysis. 
The effects of each potential moderator were tested individually and as well as in 
combination in a complete model. The predictors examined were: informant type, diagnostic 
category and definition, study setting, distilled sampling design, and ratings of quality. Cochran’s 
Q tested homogeneity of the effect sizes – i.e., whether there was a significant difference in how 
ASEBA performed in various studies or if it worked about equally well in all instances.  Funnel 
plots provided a visual indication of outliers as well as a publication bias, while Egger’s test 
provided statistical analysis of publication bias. We also tested the power to make sure we could 







Figure 2 is a flow diagram displaying the search process. Our searches identified 28 
articles published between 1994 and 2015 across 8 countries, contributing 223 unique 
effect sizes. The present study included 13,516 youths between the ages of 6 and 18 years. 
In terms of informant, 158 effect sizes came from caregiver report, 29 from teacher report, 
and 36 from youth self-report. All child and teacher effect sizes were nested within subsets of 
caregiver data. ADHD was the most frequently reported target diagnosis across studies, 
contributing 60 effect sizes; other target diagnoses identified include anxiety (k=41), 
bipolar spectrum (k=24), conduct disorder (k=16), depressive disorders (k=31), 
externalizing disorders (k=5), internalizing disorders (k=3), obsessive-compulsive disorder 
(k=1), oppositional defiant disorder (k=25), post-traumatic stress disorder (k=6), and 
substance use disorders (k=11). KSADS was the most common diagnostic interview 
contributing 131 effect sizes; both parent and youth were included in the diagnostic 
interview for 135 of the effect sizes. In terms of other moderators, 30% of studies used a 
distilled sampling design, and outpatient was the most common setting. Sixteen subscales 
of the ASEBA were reported across studies, with the most frequently reported being 
externalizing problems (k=44), attention problems (k=31), and internalizing problems 
(k=27). Table 1 provides a summary of sample-level characteristics.  
 The 223 effect sizes, moderator variables, and effect size level statistics are reported 
in Table 2. When multiple effect sizes were reported, we included all eligible estimates in the 
analyses. For example, individual studies often provided effect sizes for multiple target 
 
 17 
diagnoses, and different subscales were reported depending on each target diagnosis. As 
such, Table 2 reports the N for each effect size instead of providing a single estimate for the 
sample as a whole. Forest plots display the raw effect sizes. Given the number of effect sizes, 
figures break out separate forest plots for each target diagnosis (see Figures 3-12). There is no 
forest plot for obsessive-compulsive disorder, as there was only one effect size for this diagnosis.  
Assessment of Study Quality  
 Study quality was assessed using two a priori measures. Kowatch criteria were used to 
assess design features of the included studies (e.g., multiple informants, consensus process for 
diagnosis, distilled sampling design, etc.) (Kowatch et al., 2005). When scaled as percent of the 
maximum possible score, the quality of design ranged from 34.62 to 92.31% with an average of 
74.04%. The overall quality of the studies included was moderate in terms of using semi-
structured interviews, implementing DSM criteria, capturing comorbid and confounding 
diagnoses, and other features that enhance confidence in the robustness of findings. The quality 
of reporting as defined by QUADAS-2 criteria was also moderate, with scores ranging from 
28.95 to 94.74% with an average of 76.33%. 
Overall Summary of Effect Sizes 
Multivariate meta-regression (rma.mv in metafor) modeled the nesting of the 223 effect 
sizes in the 28 studies using random effects modeling for both the within study and between 
study variance estimates, simultaneously modeling the covariation between estimates based on 
the same participants. There was enormous heterogeneity of effect sizes, Cochran’s Q(222 df) = 
8712.81, p < .0001. There were substantial variance components both for the within samples 
nesting of effect sizes (level 1 in a hierarchical linear model conceptual framework) – σ² = .12, as 
well as between samples (Level 2) – σ² = .28. This became the baseline model for further 
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exploration of moderators and covariates. Table 3 reports the variance estimates and Cochran’s 
Q for this model and subsequent augmented multivariate meta-regression models. The ICC of the 
true effects was large, ρ = .74. The average effect size, pooled across all measures and samples, 
was large: g = 1.02. The effect size indicates ASEBA generally shows good discriminative 
validity; however, the tremendous heterogeneity indicates there are differences too large to be 
solely attributed to sampling variation. This provides empirical motivation to test differences in 
the performance of ASEBA across informants, target diagnoses, and other potential moderators 
(Lipsey & Wilson, 2001). 
Simple Moderator Analyses 
Table 3 reports the variance estimates and Cochran’s Q for the base model and the 
examination of each potential moderator individually. We first ran an augmented model 
examining the moderators individually and then created a fully saturated model to include all 
variables regardless of significance.  
Informant. ASEBA school-age includes different versions for caregiver, teacher, and 
youth report in youths ages 6-18, allowing for information to be gathered from multiple 
informants. In the multivariate meta-regression, caregiver report was used as the reference 
category through the creation of dummy codes, to compare teacher versus caregiver and youth 
versus caregiver. This framework allowed the inclusion of all effect sizes and studies 
simultaneously (rather than running the analyses separately by informant). Type of informant 
explained a significant amount of heterogeneity, Q(2 df) = 13.83, p < .001. Parameter estimates 
showed that caregiver report produced the largest effect size, g = 1.06, with teacher report 
averaging g = -0.32 lower and youth report g = -0.27 lower (all p < .001). 
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Target diagnosis. Diagnoses across studies were grouped, and included: ADHD, anxiety 
disorders, bipolar spectrum disorders, conduct disorder, depressive disorders, externalizing 
disorders, internalizing disorders, obsessive-compulsive disorder, oppositional defiant disorder, 
post-traumatic stress disorder, and substance use disorders. The most frequent target diagnosis 
across studies was ADHD, so we selected it as the reference for all other diagnoses to be 
evaluated against in the model. The effect size for ADHD (g = 0.96) was significantly lower than 
the average estimates for bipolar disorder (g = 0.24 higher), conduct disorder (g = 0.48 higher), 
and oppositional defiant disorder (g =0.31). Target diagnosis explained a significant amount of 
heterogeneity, Q(10 df) = 47.58, p < .0001. 
Definition of target diagnosis. This moderator was dummy-coded to compare broad 
versus narrow definitions of the diagnosis. There were no significant differences in effect size 
whether the target diagnosis was defined narrowly or broadly, Q(1 df) = 1.68, p > .05. 
Setting. The studies were grouped based on the settings from which participants were 
gathered: general community, at-risk individuals, general outpatient clinics, specialty outpatient 
centers, or inpatient units. In the simple model before adjusting for any other covariates, there 
were significant differences in effect sizes by setting. Outpatient setting produced significantly 
higher g estimates, B = 1.39, Q(4 df) = 13.77, p = .0081. 
Distilled sample design. This variable was dummy-coded to compare the impact of 
distilled sampling design to samples with clinically-generalizable designs. There were no 
significant differences in effect size by sampling design, Q(1 df) = 0.99, p > .05. 
Study quality. There were no significant differences in effect size based on quality of 
reporting as indexed by QUADAS-2 total, Q(1 df) = 0.01, p > .05. Likewise, the quality of study 
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design as indexed by Kowatch scale total was not associated with effect size, Q(1 df) = 0.02, p > 
.05. 
Main Model: Multivariate Meta-Regression with All Predictors 
A fully augmented model included all the moderators of interest simultaneously. This 
model accounted for substantial variance, Q(33 df) 135.43, p < .0001. It also reduced the random 
effect variance components both at Level 1 (within samples) – σ² = .073 versus σ² = .12 for the 
model with no moderators (a 39% reduction in heterogeneity), as well as Level 2 (between 
samples) – σ² = .12 versus σ² = .28 in the initial model, a 58% reduction at the between samples 
level. There still was significant remaining heterogeneity, Cochran’s Q(189 df) = 3536.17, p < 
.0001. Likelihood plot profiles suggested that the model provided accurate estimates, and the 
intraclass correlation between the estimated and true effects was 0.39 (Konstantopoulos, 2011). 
Table 4 presents the regression weights and confidence intervals for the fully augmented 
model. The intercept is b = 1.17, p < .001, meaning that the average effect size is g ~ 1 for 
caregiver report of a child diagnosed with ADHD in an outpatient setting with a clinically 
generalizable (non-distilled) design. Informant, target diagnosis, and setting remained significant 
in the full model; diagnostic definition, distilled design, and quality remained insignificant.  
Testing the Robustness of the Meta-Regression Models 
 Outlier analysis. Examination of standardized residuals flagged seven studies as 
potential outliers in the multivariate analyses; each reported an effect size more than 1.0 g larger 
than would be predicted based on the meta-regression model, p<.005, with standardized 
residuals z > 2.5. Rerunning the model with those seven studies excluded did not change the 
substantive pattern of findings; all moderators remained significant. 
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Publication bias. The analyses described above checked for influential outliers and 
examined the effects of omitting outliers on sensitivity analyses. We also used a multivariate 
extension of Egger’s test by including weights of effect sizes in the model. This provides an 
estimate of symmetry in the data, where asymmetricity would indicate possible publication bias. 
We found no evidence of publication bias in the fully augmented model, p = .16.  
Clinical Interpretability  
In order to provide more clinically meaningful descriptions of the results, we saved the 
predicted values and confidence intervals from the meta-regression. We estimated the predicted 
values for each diagnosis, sorted by informant (see Table 5). We chose reference values that are 
likely to reflect the common possible implementation; this included using an outpatient setting, 
with broadly defined conditions, in a non-distilled sample. We also continued to include quality 
in the model, via the 75% percentile scores on QUADAS-2 and Kowatch. These predictions may 
change slightly in other settings and conditions; therefore, we do not have an empirical basis for 






ASEBA school-age is a widely-used collection of instruments for assessing problem 
behaviors in children ages 6-18. The goal of the present study was to conduct a systematic 
review and meta-analyze the studies that reported the diagnostic accuracy of ASEBA to 
distinguish youth with a target diagnosis from other youths in the sample. This study also tested 
hypothesized moderators affecting the performance of ASEBA in published articles, including 
informant, diagnosis of interest, and study characteristics such as setting, use of distilled 
sampling methods, and quality of reporting and study design. The average effect sizes across all 
studies was large, indicating ASEBA shows good discriminative validity overall. The included 
studies often reported multiple effect sizes nested within the same sample, which was modeled 
through multivariate meta-regression in our analyses. The differences in studies at the sample 
level contributed to a considerable random effect variance component, and this was consistently 
larger than the variance component due to within-sample variation. The between-studies variance 
decreased for the fully augmented model including all moderators of interest; however, 
significant between-study variation still remained.  
Moderators of Diagnostic Accuracy Effect Sizes 
Informant effects. Caregiver report consistently outperformed teacher or youth report, 
showing larger effect sizes across each model included in the analyses. When all other 
moderators were conrolled for, the gap between caregiver and teacher report was g = -0.32 
lower, and while youth report was g = -0.27 less than caregiver report. Teacher and youth report 
performed similarly, as shown by CIs that overlapped almost entirely. Caregiver report 
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frequently yielded larger effect sizes than teacher or youth report in samples with nested effect 
sizes. These findings are consistent with other studies showing the superior accuracy of caregiver 
report over teacher or youth report (Youngstrom et al., 2004; 2005; 2015).  
Closer examination of the raw effect sizes in table 2 shows the effect sizes ranged from g 
= -0.61 to 2.66 for caregiver report, from g = -0.44 to 1.36 for teacher report, and g = -0.20 to 
1.06 for youth self-report. Once transformed into predicted values based on ideal conditions 
(outpatient setting with clinically realistic (non-distilled) sampling with broad diagnostic 
definition), the effect sizes ranged from g = 0.92 to 1.76 for caregiver report, g = 0.14 to 2.04 for 
teacher report, and g = 0.53 to 1.44 for youth report. As such, the large effect sizes seen for 
caregiver report indicate high discriminative ability regardless of target diagnosis, and the 
medium-large effect sizes for youth report indicate moderate-high discriminative validity. The 
spread of predicted effect sizes for teacher report was large; it corresponds with both the highest 
predicted effect size and the lowest predicted effect size, demonstrating the discriminative 
validity of teacher report varies widely depending on target diagnosis. 
Target Diagnoses. Included studies evaluated the diagnostic accuracy of ASEBA for a 
range of diagnoses of interest, including: attention-deficit hyperactivity disorder, anxiety 
disorders, bipolar spectrum disorders, conduct disorder, depressive disorders, externalizing 
disorders, internalizing disorders, obsessive-compulsive disorder, oppositional defiant disorder, 
post-traumatic stress disorder, and substance use disorders. Target diagnosis was significant both 
when examined individually and when included in the fully augmented model, indicating type of 
diagnosis explained differences in how ASEBA performed in our model. ASEBA yielded 
significantly higher effect sizes for bipolar disorder, conduct disorder, and oppostional defiant 
disorder than ADHD, indicating it does a better job discriminating these conditions compared to 
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ADHD. The observed effect sizes for each disorder were widely spread, due to a variety of 
reasons (e.g., informant, setting, definition of diagnosis, comparison group characteristics, 
distilled design), which obscures the findings. In order to translate our findings to be clinically 
useful, we used the predicted values in Table 5 to infer ASEBA performance by disorder in the 
ideal conditions mentioned previously. The largest predicted effect size was associated with 
OCD (g = 1.76 for caregiver, 2.04 for teacher, and 1.44 for youth), indicating ASEBA shows 
high discriminative validity for OCD regardless of informant. However, this result should be 
interpreted with caution as OCD only contributed one of 223 effect sizes in the total analyses. 
Although each target diagnosis was associated with a range of predicted effect sizes based on 
informant, the effect sizes were large and showed high discriminative validity across all 
diagnoses.  
Definition of diagnosis. We were interested in exploring whether using a broad or 
narrow diagnosis would impact the discriminative validity of ASEBA. There were no differences 
found in the effect sizes of broad versus narrow definitions, both when the variable was 
examined alone and when it was included in the full model with other predictors. We decided to 
include this moderator in the full model despite not showing significance when examined in 
isolation because it was of conceptual interest to us. Broad definition would include individuals 
with spectrum, subthreshold, and/or comorbid disorders, which is more consistent with what we 
would see in practice.  
Setting. ASEBA is widely used to detect problem behaviors in children across settings, 
including schools, research studies, outpatient clinics, and inpatient hospitals. The present study 
showed significant differences in how the ASEBA performed in various settings. The largest 
effect sizes came from outpatient settings, indicating ASEBA performed best in the samples 
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including this setting. Interestingly, the standardization sample of ASEBA is most similar to a 
general community setting. The assessments were normed using a sample of non-referred 
children which excluded any individuals who had connected with mental health or substance 
abuse services within the prior year. The recommended cut-offs are used across settings, 
regardless of whether the setting matches the characteristics of the normative sample on which 
the thresholds are based. In the outpatient studies in the present analyses, ASEBA was 
exclusively used for discriminating a target condition from other psychiatric disorders. The 
finding that ASEBA performed better in outpatient settings that utilized control groups that 
included multiple diagnoses, compared to the community settings which included healthy 
individuals, is counterintuitive. However, it provides support for the continued use of ASEBA as 
a screening measure in outpatient clinics.  
Distilled sample enrollment. The inclusion of healthy controls can cause an artificial 
inflation of effect size due to the fact that healthy individuals score low on measures. Those with 
any disorder will score higher than the healthy controls, which makes the gap between disorders 
smaller than the gap between one disorder and heatlhy controls. This is important because the 
inflated effect sizes of a distilled sample will make it appear as if the measure is performing 
better in that study (Youngstrom et al., 2015; 2018). This superior performance may be a result 
of the sampling design and not the measure itself. As such, attention should be given to whether 
a sample utilizes a distilled design, and caution should be used when generalizing the findings of 
these studies. However, no significant differences were found in the effect sizes of distilled 
versus nondistilled designs in the present analysis, which could be due to the fact that only a 
third of the included studies utilized a distilled design. We chose to include this variable in the 
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full model regardless due to its theoretical importance and significance in other recent meta-
analyses examining diagnostic efficiency (Youngsrom et al., 2015; 2018).  
Quality of publication. The Kowatch quality rating scale takes into consideration 
additional design features that could impact the effect sizes, for example the utilization of 
multiple informants and a consensus process when making diagnoses. Studies with a higher 
Kowatch score could be expected to yield smaller effect sizes because the studies would not be 
designed in ways that would cause artifical inflation (such as distilled samples, as discussed 
above). Additionally, we were interested in whether there was an impact of the quality of the 
reporting as indexed by the QUADAS-2. This study found no significant differences in effect 
sizes based on quality as defined by Kowatch and QUADAS-2 criteria. In addition to the present 
study, quality was not found to be significant in two other meta-analyses that assessed diagnostic 
efficiency (Youngstrom et al., 2015; 2018). We decided to leave this moderator in our analysis 
regardless because we believe quality study design and reporting is imporant. Additionally, many 
of the included studies were published before standardized guidelines for reporting were 
published (e.g.,STARD; Bossuyt et al., 2003b). Quality of reporting was not associated with 
effect sizes, which means results were not biased by quality. 
Consideration of Alternative Explanations 
 One potential bias that may effect meta-analyses is called the “file drawer problem,” 
which is concerned over whether the published literature is different from results that were not 
published. To assess whether this was a concern for our analysis we performed Egger’s test, 
which found no evidence of publication bias. Another concern for the present study is the 
possible criterion contamination resulting from the use of caregiver informant in both the 
diagonstic interview and the index test. If diagnoses are based on information given by the 
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caregiver, it conceptually makes sense for the index test score to be highly correlated with the 
results of the reference standard. Every study in the present analysis reported caregiver report 
(CBCL), and 71% of the total effect sizes are based on caregiver report. Additionally, 50% of the 
studies only interviewed caregiver when conducting the diagnostic interview. It is possible that 
the larger observed effect sizes of caregiver report may be due to the overlap in informant for 
ASEBA and the reference standard.  
Generalizability of Conclusions 
 The studies included in this analyses examined the diagnostic accuracy of ASEBA for 11 
target diagnoses in 13,516 youth across eight countries. The majority of our effect sizes came 
from the United States (65%), examined ADHD as the target diagnosis (38%), and took place in 
an outpatient setting (42%). As a result, the findings of our study show good generalizability for 
use of ASEBA in the United States under similar conditions. We are less confident in the 
generalizability of these findings in cases with fewer effect sizes available to analyze (e.g., OCD 
contributed 1 of 223 effect sizes; only 2 effect sizes came from Brazil). More data would be 
helpful to inform the generalizability in these instances. As mentioned earlier, the 
generalizability of the predicted effect sizes discussed in this paper depends on how similar or 
different the applied setting will be compared to the reference circumstances we used in the 
calculations. 
Limitations 
 A general limitation of meta-analyses is the data included depends on the quality of the 
included studies. As discussed throughout the paper, effect sizes can be biased by various factors 
including distilled sampling, criterion contamination from informant, etc. As a result, our 
analyses could be biased due to any biases inherent in the samples included in the present study. 
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Additionally, although we found significant effects for several of our moderators of interest 
(informant, setting, and target diagnosis), substantial heterogeneity remains both between and 
within studies. This indicates the influence of moderators not included in the present analysis; 
the identification and assessment of these additional moderators is an important future direction.   
Future Directions 
 The findings of the present study provide support for the continued use of ASEBA for 
detecting common behavior problems in youth. Through the course of this meta-analysis, we 
identified additional variables that were outside the scope of our present study but may yield 
many interesting results. Of note, interaction effects between our moderators of interest will 
provide a deeper understanding of the circumstances that may affect the relative performance of 
ASEBA (e.g., the relative accuracy of various subscales for a target disorder). In instances when 
ASEBA is found to be less accurate (i.e., certain diagnoses), another specialized measure could 
be added to address content gaps (Youngstrom et al., 2014). As noted in the limitations section, it 
will be imperative to explore additional moderators to address the significant heterogeneity that 
remains in our model.  
ASEBA was used across many settings, although only 14% of the effect sizes came from 
a general community sample similar to the standardization sample. It may be helpful to re-norm 
ASEBA and update thresholds based on a sample more consistent with how the measure is being 
used. Another future direction could be the comparison of ASEBA with other broadband 
checklists for behavior problems in youth. If ASEBA is outperformed by the other checklist, it 
could indicate the replacement of ASEBA with the better-performing measure, especially if it 




























































































8 USA Outpatient Caregiver ADIS 
   
Bellina (2013) 24 Italy Outpatient Caregiver KSADS 
   
Biederman 
(1995) 
1 USA Outpatient Caregiver KSADS 
   
Biederman 
(2005) 
4 USA Outpatient Caregiver KSADS 
   
Canning (1994) 6 USA Specialty Caregiver DISC 
   
Curry (2000) 5 USA Inpatient Caregiver KSADS 
   
Dienes (2002) 7 USA At risk Caregiver KSADS 
   
Diler (2009) 4 USA Specialty Caregiver KSADS 
   
Doyle (1997) 4 USA Community Caregiver DICA 
   
Edwards (2015) 4 USA Specialty Caregiver, 
Teacher 
DISC 
   
Eimecke (2011) 6 Germany Outpatient + 
Inpatient 
Caregiver MAS 
   
Eiraldi (2000) 16 USA Specialty Caregiver DICA 
   
Elkins (2014) 1 USA Specialty Caregiver ADIS 
   
Faraone (2005) 2 USA Outpatient Caregiver KSADS 
   
Geller (2006) 1 USA Outpatient Caregiver KSADS 
   
Hayatbakhsh 
(2008) 
10 Australia Community Caregiver, Self CIDI 
   
Kahana (2003) 49 USA Specialty Caregiver, 
Teacher, Self 
KSADS 
   
Kasius (1997) 12 Netherlands Outpatient Caregiver DISC 
   
Kim (2005) 3 South Korea Community Caregiver KSADS 
   
Krol (2006) 6 Netherlands Outpatient Caregiver DISC 
   
Najman (2008) 2 Australia Community Caregiver CIDI 
   
Ostrander 
(1998) 
3 USA Community Caregiver DICA 
   
Park (2014) 9 South Korea Community Caregiver DISC 
   
Roessner (2007) 4 Brazil + 
Germany 
Outpatient Caregiver KSADS 
   
Tripp (2006) 3 New Zealand Specialty Caregiver, 
Teacher 
ADIS 
   
You (2015) 29 USA Outpatient Caregiver, 
Teacher, Self 
KSADS 
   
 
    

















(2005) 8 100 30 INT Caregiver Anxiety 2.09 0.06 
  100 30 INT Caregiver Anxiety 2.18 0.06 
  100 30 INT Caregiver Anxiety 2.27 0.06 
  100 30 INT Caregiver Anxiety 1.90 0.06 
  100 30 INT Caregiver Anxiety 1.28 0.05 
  100 30 INT Caregiver Anxiety 1.42 0.05 
  100 30 INT Caregiver Anxiety 1.48 0.05 
  100 30 INT Caregiver Anxiety 0.61 0.04 
Bellina 
(2013) 24 125 173 Rule-break Caregiver ODD 1.56 0.02 
  195 103 
DSM-
ADHD Caregiver ADHD 1.02 0.02 
  125 173 DSM-AFF Caregiver Depression 0.80 0.01 
  178 120 DSM-AFF Caregiver Anxiety 0.61 0.01 
  125 173 Aggressive Caregiver ODD 1.96 0.02 
  125 173 Anx/dep Caregiver Depression 0.92 0.02 
  178 120 Anx/dep Caregiver Anxiety 0.76 0.01 
  125 173 DSM-ANX Caregiver Depression 0.99 0.02 
  178 120 DSM-ANX Caregiver Anxiety 0.85 0.02 
  195 103 Attention Caregiver ADHD 0.70 0.02 
  125 173 DSM-CD Caregiver ODD 1.76 0.02 
  195 103 DSM-ODD Caregiver ADHD 0.97 0.02 
  125 173 DSM-ODD Caregiver ODD 1.96 0.02 
  125 173 Social Caregiver ODD 1.83 0.02 
  125 173 Social Caregiver Depression 1.43 0.02 
  178 120 Social Caregiver Anxiety 1.05 0.02 
  125 173 Somatic Caregiver Depression 1.37 0.02 
  178 120 Somatic Caregiver Anxiety 1.04 0.02 
  178 120 Somatic Caregiver Anxiety 1.49 0.02 
  125 173 Total Caregiver Depression 0.83 0.01 
  178 120 Total Caregiver Anxiety 0.66 0.01 
  125 173 Total Caregiver ODD 1.19 0.02 
  125 173 Withdrawn Caregiver Depression 0.77 0.01 
  178 120 Withdrawn Caregiver Anxiety 0.89 0.02 
Biederman 




(2005) 4 18 103 EXT Caregiver CD 1.21 0.07 
  8 113 EXT Caregiver Bipolar 0.86 0.14 
  18 103 EXT Caregiver Depression 0.64 0.07 
  35 86 EXT Caregiver Anxiety 0.56 0.04 
Canning 
(1994) 6 21 100 Total Caregiver 
Internalizing 
disorder 0.12 0.06 
  31 90 Total Caregiver 
Internalizing 
disorder 1.26 0.05 
  45 76 Total Caregiver 
Internalizing 
disorder 0.80 0.04 
  15 106 Total Caregiver 
Externalizing 
disorder 0.26 0.08 
  18 103 Total Caregiver 
Externalizing 
disorder 1.29 0.07 
  34 87 Total Caregiver 
Externalizing 
disorder 1.00 0.05 
Curry (2000) 5 57 51 Aggressive Caregiver 
Externalizing 
disorder 0.69 0.04 
  46 62 Anx/dep Caregiver Depression 0.02 0.04 
  57 51 Rule-break Caregiver 
Externalizing 
disorder 0.87 0.04 
  34 74 Rule-break Caregiver 
Substance 
use disorder 0.67 0.04 
  46 62 Withdrawn Caregiver Depression 0.80 0.04 
Dienes 
(2002) 7 15 43 Attention Caregiver ADHD 0.31 0.09 
  16 42 EXT Caregiver Bipolar 1.14 0.10 
  15 43 EXT Caregiver ADHD 0.31 0.09 
  16 42 INT Caregiver Bipolar 0.82 0.09 
  15 43 Thought Caregiver ADHD 0.10 0.09 
  16 42 Total Caregiver Bipolar 1.06 0.10 
  15 43 Total Caregiver ADHD 0.32 0.09 
Diler (2009) 4 157 356 EXT Caregiver Bipolar 1.49 0.01 
  157 356 EXT Caregiver Bipolar 0.93 0.01 
  157 356 Total Caregiver Bipolar 1.27 0.01 
  157 356 Total Caregiver Bipolar 1.08 0.01 
Doyle (1997) 4 115 41 Total Caregiver ADHD 0.63 0.03 
  60 96 Total Caregiver ADHD 0.31 0.03 
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  55 101 Total Caregiver ADHD 1.67 0.04 
  60 55 Total Caregiver ADHD 0.85 0.04 
Edwards 
(2015) 4 46 49 Attention Caregiver ADHD 1.01 0.05 
  46 49 Attention Teacher ADHD 1.36 0.05 
  46 49 EXT Caregiver ADHD 0.66 0.04 
  46 49 EXT Teacher ADHD 0.88 0.05 
Eimecke 
(2011) -a 6 53 540 DSM-AFF Caregiver Depression 0.63 0.02 
Eimecke 
(2011) -a  53 540 Anx/dep Caregiver Depression 0.45 0.02 
Eimecke 
(2011) -a  53 540 Total Caregiver Depression 0.80 0.02 
Eimecke 
(2011)-b  74 1282 Total Caregiver Depression 0.50 0.01 
Eimecke 
(2011)-b  74 1282 DSM-AFF Caregiver Depression 1.09 0.01 
Eimecke 
(2011)-b  74 1282 Anx/dep Caregiver Depression 0.95 0.01 
Eiraldi 
(2000) 16 67 161 Aggressive Caregiver ODD 1.11 0.02 
  26 202 Anx/dep Caregiver Anxiety 0.77 0.04 
  115 58 Attention Caregiver ADHD -0.10 0.03 
  173 36 Attention Caregiver ADHD 0.89 0.04 
  173 36 Attention Caregiver ADHD 1.00 0.04 
  115 36 Attention Caregiver ADHD -0.18 0.04 
  115 36 Attention Caregiver ADHD 0.97 0.04 
  58 36 Attention Caregiver ADHD -0.22 0.05 
  58 36 Attention Caregiver ADHD 0.96 0.05 
  115 58 EXT Caregiver ADHD 0.46 0.03 
  173 36 EXT Caregiver ADHD 0.46 0.03 
  67 161 EXT Caregiver ODD 1.06 0.02 
  26 202 INT Caregiver Anxiety 0.70 0.04 
  67 161 Rule-break Caregiver ODD 0.99 0.02 
  26 202 Somatic Caregiver Anxiety 0.49 0.04 
  26 202 Withdrawn Caregiver Anxiety 0.83 0.04 
Elkins (2014) 1 23 23 Attention Caregiver Anxiety 1.84 0.12 
Faraone 
(2005) 2 13 458 PBD Caregiver Bipolar 2.66 0.09 
  8 402 PBD Caregiver Bipolar 1.29 0.13 
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Geller (2006) 1 64 129 OCS Caregiver OCD 2.27 0.04 
Hayatbakhsh 
(2008) 10 530 1397 Aggressive Self 
Substance 
use disorder 0.05 0.00 
  530 1397 Anx/dep Self 
Substance 
use disorder -0.20 0.00 
  503 1397 Anx/dep Self 
Substance 
use disorder -0.06 0.00 
  530 1397 Attention Self 
Substance 
use disorder 0.26 0.00 
  503 1397 Attention Self 
Substance 
use disorder 0.32 0.00 
  530 1397 Rule-break Self 
Substance 
use disorder 0.19 0.00 
  503 1397 Rule-break Self 
Substance 
use disorder 0.69 0.00 
  503 1397 Rule-break Self 
Substance 
use disorder 0.26 0.00 
  530 1397 Somatic Self 
Substance 
use disorder 0.22 0.00 
  503 1397 Somatic Self 
Substance 
use disorder 0.22 0.00 
Kahana 
(2003) 49 138 183 Attention Self ADHD 0.26 0.01 
  148 424 Aggressive Caregiver ODD 0.88 0.01 
  91 214 Aggressive Teacher ODD 0.70 0.02 
  62 259 Aggressive Self ODD 0.57 0.02 
  319 253 Attention Caregiver ADHD 1.13 0.01 
  198 107 Attention Teacher ADHD 0.91 0.02 
  157 236 Total Caregiver Bipolar 0.62 0.01 
  98 135 Total Teacher Bipolar 0.32 0.02 
  84 122 Total Self Bipolar 0.33 0.02 
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  55 519 Withdrawn Caregiver Anxiety 0.41 0.02 
  32 290 Withdrawn Self Anxiety 0.66 0.04 
  27 279 Withdrawn Teacher Anxiety 0.11 0.04 
  157 236 Aggressive Caregiver Bipolar 1.24 0.01 
  383 196 Anx/dep Caregiver Depression 0.88 0.01 
  196 111 Anx/dep Teacher Depression 0.35 0.01 
  237 86 Anx/dep Self Depression 0.56 0.02 
  55 519 Anx/dep Caregiver Anxiety 0.89 0.02 
  32 290 Anx/dep Self Anxiety 0.64 0.04 
  27 279 Anx/dep Teacher Anxiety 0.44 0.04 
  157 236 EXT Caregiver Bipolar 1.08 0.01 
  98 135 EXT Teacher Bipolar 0.44 0.02 
  84 122 EXT Self Bipolar 0.64 0.02 
  263 309 EXT Caregiver Bipolar 1.19 0.01 
  151 154 EXT Teacher Bipolar 0.44 0.01 
  139 182 EXT Self Bipolar 0.71 0.01 
  319 253 EXT Caregiver ADHD 0.64 0.01 
  198 107 EXT Teacher ADHD 0.85 0.02 
  138 183 EXT Self ADHD 0.14 0.01 
  148 424 EXT Caregiver ODD 0.80 0.01 
  91 214 EXT Teacher ODD 0.71 0.02 
  62 259 EXT Self ODD 0.57 0.02 
  43 529 EXT Caregiver CD 0.87 0.03 
  23 282 EXT Teacher CD 0.90 0.05 
  21 300 EXT Self CD 0.98 0.05 
  383 196 INT Caregiver Depression 1.20 0.01 
  237 86 INT Self Depression 0.60 0.02 
  196 111 INT Teacher Depression 0.33 0.01 
  14 558 INT Caregiver PTSD 0.50 0.07 
  9 312 INT Self PTSD 0.39 0.11 
  6 299 INT Teacher PTSD -0.44 0.17 
  55 519 INT Caregiver Anxiety 0.68 0.02 
  32 290 INT Self Anxiety 0.65 0.04 
  27 279 INT Teacher Anxiety 0.29 0.04 
  43 529 Rule-break Caregiver CD 1.03 0.03 
  21 300 Rule-break Self CD 1.06 0.05 
  23 282 Rule-break Teacher CD 0.79 0.05 
  55 518 Somatic Caregiver Anxiety 0.23 0.02 
  32 290 Somatic Self Anxiety 0.37 0.03 




(1997) 12 33 198 Total Caregiver ODD 2.56 0.05 
  15 216 Total Caregiver Anxiety 1.64 0.08 
  42 189 Total Caregiver Depression 1.28 0.03 
  70 161 Total Caregiver ADHD 1.47 0.03 
  15 216 Withdrawn Caregiver Anxiety 1.60 0.08 
  70 161 Aggressive Caregiver ADHD 1.84 0.03 
  33 198 Aggressive Caregiver ODD 2.00 0.04 
  13 218 Aggressive Caregiver CD 1.76 0.09 
  15 216 Anx/dep Caregiver Anxiety 2.24 0.08 
  15 216 Attention Caregiver Anxiety 1.64 0.08 
  33 198 Rule-break Caregiver ODD 1.80 0.04 
  13 218 Rule-break Caregiver CD 2.35 0.09 
Kim (2005) 3 33 13 Attention Caregiver ADHD 0.28 0.11 
  33 13 Attention Caregiver ADHD 0.11 0.11 
  33 13 Total Caregiver ADHD -0.61 0.11 
Krol (2006) 6 7 37 DSM-ANX Caregiver Anxiety 1.03 0.18 
  4 40 DSM-ANX Caregiver Anxiety 1.13 0.29 
  7 37 DSM-DEP Caregiver Depression 1.84 0.21 
  29 15 
DSM-
ADHD Caregiver ADHD 2.00 0.15 
  22 22 DSM-ODD Caregiver ODD 1.09 0.10 
  8 36 DSM-CD Caregiver CD 2.06 0.20 
Najman 
(2008) 2 450 1861 INT Caregiver Depression -0.01 0.00 
  566 1747 INT Caregiver Anxiety 0.22 0.00 
Ostrander 
(1998) 3 194 107 Total Caregiver ADHD 1.28 0.02 
  194 107 Attention Caregiver ADHD 2.39 0.02 
  194 107 EXT Caregiver ADHD 1.46 0.02 
Park (2014) 9 481 740 Attention Caregiver ADHD 0.92 0.00 
  379 582 Attention Caregiver ADHD 0.89 0.00 
  356 547 Attention Caregiver ADHD 0.81 0.01 
  481 740 EXT Caregiver ADHD 0.95 0.00 
  379 582 EXT Caregiver ADHD 0.96 0.00 
  356 547 EXT Caregiver ADHD 0.72 0.00 
  481 740 Total Caregiver ADHD 0.89 0.00 
  379 582 Total Caregiver ADHD 0.95 0.00 
  356 547 Total Caregiver ADHD 0.79 0.00 
Roessner 




(2007) -a  248 71 Attention Caregiver ADHD 1.86 0.02 
Roessner 
(2007) -b  154 135 Attention Caregiver ADHD 1.19 0.02 
Roessner 
(2007) -b  154 135 Attention Caregiver ADHD 1.03 0.02 
Tripp (2006) 3 108 76 EXT Teacher ADHD 0.69 0.02 
  108 76 Total Caregiver ADHD 0.27 0.02 
  108 76 Total Teacher ADHD 1.02 0.03 
You (2015) 29 231 212 Attention Self ADHD 0.24 0.01 
  306 467 Aggressive Caregiver ODD 0.68 0.01 
  128 164 Aggressive Teacher ODD 0.17 0.01 
  155 285 Aggressive Self ODD 0.39 0.01 
  493 283 Attention Caregiver ADHD 0.84 0.01 
  199 94 Attention Teacher ADHD 0.59 0.02 
  355 417 Anx/dep Caregiver Depression 0.63 0.01 
  143 149 Anx/dep Teacher Depression 0.16 0.01 
  251 188 Anx/dep Self Depression 0.35 0.01 
  141 640 EXT Caregiver Bipolar 0.52 0.01 
  65 229 EXT Teacher Bipolar 0.00 0.02 
  86 362 EXT Self Bipolar 0.33 0.01 
  493 283 EXT Caregiver ADHD 0.82 0.01 
  231 212 EXT Self ADHD 0.22 0.01 
  306 467 EXT Caregiver ODD 0.68 0.01 
  128 164 EXT Teacher ODD 0.16 0.01 
  155 285 EXT Self ODD 0.29 0.01 
  94 681 EXT Caregiver CD 0.85 0.01 
  30 263 EXT Teacher CD 0.63 0.04 
  79 363 EXT Self CD 0.66 0.02 
  355 417 INT Caregiver Depression 0.76 0.01 
  251 188 INT Self Depression 0.45 0.01 
  143 149 INT Teacher Depression 0.20 0.01 
  67 704 INT Caregiver PTSD 0.50 0.02 
  43 395 INT Self PTSD 0.52 0.03 
  21 271 INT Teacher PTSD -0.11 0.05 
  94 681 Rule-break Caregiver CD 1.10 0.01 
  30 263 Rule-break Teacher CD 0.72 0.04 
  79 363 Rule-break Self CD 0.81 0.02 
Note:  INT = internalizing problems; EXT= externalizing problems; Rule-break = rule-breaking behavior subscale; DSM-
ADHD = DSM-oriented ADHD scale;  DSM-AFF = DSM-oriented affective disorder scale;  Agg. = aggressive behavior 
subscale; Anx/Dep = anxious/depressed subscale; DSM-ANX = DSM-oriented anxiety scale; DSM-CD = DSM-oriented 
conduct problems scale; DSM-ODD = DSM-oriented oppositional defiance scale; Social = social problems subscale; Somatic 
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= somatic complaints; Withdrawn = withdrawn/depressed subscale; Attention = attention problems subscale; Thought = 
thought problems subscale; PBD = pediatric bipolar disorder profile; OCS = obsessive-compulsive scale.      










Variance Q Residual (df) Q Model (df) 
No moderators 0.122 0.276 8712.81 (222) ***  
Moderator: Informant 0.115 0.245 7760.80 (220) *** 13.83 (2) ** 
Moderator: Target Diagnosis 0.097 0.219 6632.71 (212) *** 47.58 (10) *** 
Moderator: Diagnostic Definition 0.121 0.276 8510.77 (221)*** 1.68 (1) 
Moderator: Setting 0.115 0.146 7592.76 (216) *** 30.53 (6) *** 
Moderator: Distilled Design 0.122 0.268 8529.45 (221)*** 1.0 (1) 
Moderator: QUADAS-2 0.122 0.275 8511.41 (221)*** 0.01  (1) 
Moderator: Kowatch 0.121 0.279 8571.75 (221)*** .02 (1) 
Moderators: All simultaneously 0.073 0.115 3536.17 (189) *** 135.43 (33) *** 
Table 3. Tests of Homogeneity and Estimates of Random Effects Variances Between Effect 
Sizes (Level 1) and Between Samples (Level 2) for Multivariate Meta-Regression Models 





Variable b SE ci.lb ci.ub 
Intercept 1.17 0.19 0.81 1.53 
Teacher report 0.28 0.14 .00 .56 
Youth report  -0.32 0.18 -0.66 0.03 
Anxiety 0.01 0.11 -0.21 0.23 
Bipolar  0.37 0.13 0.11 0.64 
Conduct 0.48 0.14 0.22 0.75 
Depression 0.04 0.13 -0.21 0.29 
Externalizing 0.17 0.30 -0.41 0.75 
Internalizing 0.02 0.34 -0.65 0.69 
OCD 0.78 0.54 -0.29 1.84 
ODD 0.46 0.10 0.26 0.66 
PTSD -0.06 0.24 -0.53 0.41 
SUD 0.07 0.62 -1.15 1.29 
Narrow definition -0.01 0.08 -0.17 0.15 
Distilled sample 0.27 0.18 -0.08 0.62 
Community setting -0.46 0.27 -0.98 0.06 
At-risk setting -0.96 0.39 -1.72 -0.18 
Specialty setting -0.17 0.24 -0.64 0.31 
Inpatient setting -0.37 0.33 -1.02 0.29 
QUADAS 75% 0.00 0.00 -0.02 0.02 
Kowatch 75% -0.35 0.22 -0.74 0.05 
Table 4. Multivariate Meta-Regression Estimates of the Effects of Moderators Entered 




Diagnostic Target Informant g SE ci.lb ci.ub 
ADHD Teacher 1.26 0.78 -0.27 2.79 
ADHD Caregiver 0.98 0.76 -0.52 2.48 
ADHD Youth 0.66 0.77 -0.85 2.17 
Anxiety Disorders Caregiver 0.99 0.76 -0.50 2.48 
Anxiety Disorders Youth 0.93 0.77 -0.58 2.44 
Anxiety Disorders Teacher 0.65 0.77 -0.86 2.16 
Bipolar Spectrum Disorders Caregiver 1.35 0.76 -0.14 2.85 
Bipolar Spectrum Disorders Youth 0.92 0.77 -0.58 2.43 
Bipolar Spectrum Disorders Teacher 0.73 0.77 -0.78 2.23 
Conduct Disorder Caregiver 1.46 0.76 -0.03 2.95 
Conduct Disorder Youth 1.31 0.77 -0.19 2.82 
Conduct Disorder Teacher 1.20 0.77 -0.31 2.71 
Depressive Disorders Caregiver 1.02 0.75 -0.45 2.48 
Depressive Disorders Youth 0.89 0.77 -0.63 2.41 
Depressive Disorders Teacher 0.67 0.77 -0.84 2.17 
Externalizing Disorders Teacher 1.43 0.79 -0.11 2.98 
Externalizing Disorders Caregiver 1.15 0.77 -0.36 2.66 
Externalizing Disorders Youth 0.83 0.78 -0.70 2.36 
Internalizing Disorders Teacher 1.28 0.80 -0.29 2.85 
Internalizing Disorders Caregiver 1.00 0.78 -0.53 2.52 
Internalizing Disorders Youth 0.68 0.79 -0.88 2.23 
OCD Teacher 2.04 1.04 0.00 4.08 
OCD Caregiver 1.76 1.03 -0.26 3.77 
OCD Youth 1.44 1.03 -0.59 3.47 
Oppositional Defiant Disorder Caregiver 1.44 0.76 -0.05 2.93 
Oppositional Defiant Disorder Youth 0.86 0.77 -0.65 2.38 
Oppositional Defiant Disorder Teacher 0.84 0.77 -0.67 2.36 
PTSD Caregiver 0.92 0.79 -0.62 2.46 
PTSD Youth 0.85 0.79 -0.70 2.41 
PTSD Teacher 0.14 0.78 -1.40 1.68 
Substance Use Disorders Teacher 1.33 0.98 -0.59 3.25 
Substance Use Disorders Caregiver 1.05 0.96 -0.84 2.94 
Substance Use Disorders Youth 0.53 0.83 -1.10 2.17 
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